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Paper

XE—ERoIE
e Analyzing Conversations with Dynamic Graph Visualization

o tEMAIpattern, #tH], EERE, —LATKstarlEhy
e Visual analysis of large-scale network anomalies

o AL A NENER BN A A A pattern;
o #EE{ESEMpattern (sending patterns)

= broadcasting pattern
= dynamic patterns of the attacker
o BNREMN—T, FIXMRHEJconnection pattern

e TimeCrunch: Interpretable Dynamic Graph Summarization
o focuses on interpretable structures, which may not appear at every timestep.

o find static subgraphs which have the same patterns of connectivity over one or more timesteps
and stitch them togethor.

o HEXTI/EERS, temporal graph mining


af://n0
af://n11
af://n84

= anomaly dection
= dense temporal cliques and bipartite cores
= dense blocks
m cross-graph quasi-cliques (not temporal)
= stable clusters
e VIGOR: Interactive Visual Exploration of Graph Query Results

o EFembedding, F&E,
o WY —FESEpattern: similar disease-gene patterns
o

e g-Miner: Interactive Visual Group Mining on Multivariate Graphs
o REHEN—1group

. ETER
= [EEEIL
= — Afegonetwork

o BZMEI
o groupfIENX?
e ContexTour: Contextual Contour Visual Analysis on Dynamic MultiRelational Clustering

© community evolution
e Pattern Mining in Dynamic Graphs

o In this thesis proposal, our main focus is on specific type of patterns: graph rules.More specifically,
we focus on special class of graph rules, called predictive graph rules, Predictive graph rules are
useful for a number of reasons. First, extracted rules can help with the interpretation of dynamic
graphs. We can investigate processes in dynamic graphs at the local level using such patterns. This
can be regarded as an exploratory analysis of dynamic graphs. Next, these graph patterns can be
exploited for other tasks of data mining and machine learning. Frequently occurring patterns are
appropriate for characterization of graphs. Thus, each dynamic graph, or part of a dynamic graph,
can be represented by a set of patterns occurring in it. This leads to an attribute-value
representation, which is supported by a lot of algorithms for classification, clustering, anomaly
detection, etc. Anomaly detection plays a special role in this enumeration of data mining tasks as
it can be performed on the basis of rarely occurring patterns. And finally, predictive graph rules
can be, of course, also used for prediction in dynamic graphs.

o —UL& motif

o graph rules

[¢]

e Mining Regular Patterns in Weighted-Directed Networks

o HEIBAMRIIAIERR

e Pattern Mining in Frequent Dynamic Subgraphs

e DYREP: LEARNING REPRESENTATIONS OVER DYNAMIC GRAPHS
o Datasets

= Social Dataset is a small network with high clustering coefficient and over 2M events. In
contrast, Github dataset forms a large network with low clustering coefficient and sparse
events thus allowing us to test the robustness of our model
o Dynamic Link Prediction

o Event Time Prediction



e Anomaly detection in dynamic networks: a survey
o EMTRERNAERENX
o FFSEIRENAYERE A1)
o Event and Change Detection
e Intrusion as (Anti)social Communication: Characterization and Detection

o IFREMILE _EBEIRIEN
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